Abstract Transcript variants play a critical role in diversifying gene expression. Alternative splicing is a major mechanism for generating transcript variants. A number of genes have been implicated in breast cancer pathogenesis with their aberrant expression of alternative transcripts. In this study, we performed genome-wide analyses of transcript variant expression in breast cancer. With RNA-Seq data from 105 patients, we characterized the transcriptome of breast tumors, by pairwise comparison of gene expression in the breast tumor versus matched healthy tissue from each patient. We identified 2839 genes, *10 % of proteincoding genes in the human genome, that had differential expression of transcript variants between tumors and healthy tissues. The validity of the computational analysis was confirmed by quantitative RT-PCR assessment of transcript variant expression from four top candidate genes. The alternative transcript profiling led to classification of breast cancer into two subgroups and yielded a novel molecular signature that could be prognostic of patients' tumor burden and survival. We uncovered nine splicing factors (FOX2, MBNL1, QKI, PTBP1, ELAVL1, HNRNPC, KHDRBS1, SFRS2, and TIAR) that were involved in aberrant splicing in breast cancer. Network analyses for the coordinative patterns of transcript variant expression identified twelve ''hub'' genes that differentiated the cancerous and normal transcriptomes. Dysregulated expression of alternative transcripts may reveal novel biomarkers for tumor development. It may also suggest new therapeutic targets, such as the ''hub'' genes identified through the network analyses of transcript variant expression, or splicing factors implicated in the formation of the tumor transcriptome.
Introduction
Alternative transcript expression plays an essential role in diversifying genomic impact on biological processes [1] . More than 90 % of human genes are expressed as multiple transcripts through alternative splicing (AS) [2, 3] . Alternative transcript start sites (ATSS) and alternative transcript termination (ATT) also affect the expression of the majority of human genes [4, 5] . In a recent study, silencing or over-expressing splicing factors (SFs) MBNL1 and MBNL2 altered expression of a substantial portion of cassette exons (CEs) and disrupted the control of stem cell reprogramming [6] , illustrating the critical role of alternative transcripts in cellular differentiation.
The role of dysregulated AS in cancers has been established for a number of genes, e.g., ERBB2 [7] and BRCA1 [8, 9] . Following the progress in gene expression profiling of tumors, especially for breast cancer [10] [11] [12] , genome-wide exon arrays were employed to identify aberrant splicing events in cancers [13] [14] [15] [16] [17] . Recently, Venables et al. used RT-PCR to screen 600 cancer-associated genes [18] and 2168 alternatively spliced exons (ASEs) [19] in human breast tumors versus normal breast tissues. Those studies provided valuable insights into the critical role of alternative transcripts in cancer pathogenesis. However, microarray-based technologies and PCR are limited by pre-set probes in assays for transcript expression. The recently developed RNA-Seq technology can characterize all transcript variants (also called isoforms) of a gene without the limit of pre-set probes, including transcripts generated through AS, ATSS, and ATT. Thus, it can yield a more comprehensive portrait of transcriptome diversity in cancers, provided that robust computational and bioinformatic solutions are established.
With a large RNA-Seq dataset of paired tumor-normal tissue samples from 105 breast cancer patients, aided with advanced computational methods, we conducted genomewide analyses of transcript variants. By pairing each breast tumor sample with its internal control, ''matched'' healthy tissue from the same patient, our study circumvented the well-known problem of large variations in gene expression among human individuals. The pairwise comparison yielded novel insights into the extensive molecular diversity generated by transcript variants, as well as its implications in systems genomics, systems biology, and clinical management of breast cancer.
Materials and methods
Raw RNA-Seq reads of breast cancer and matched normal tissues of 105 patients were obtained from the TCGA database [20] . TCGA sample IDs for the patients and RNA-Seq information are listed in File S1. RNA-Seq reads were mapped to the human reference genome assembly using software TopHat v2.0.4 [21, 22] . Expression levels of a gene and its isoforms in the unit of FPKM (Fragments Per Kilobase of exon per Million fragments mapped) were estimated using the Cufflinks [23] . Gene expression levels in all 210 samples were normalized using the geometric normalization method [24] . An alternative exon (AE) was defined as an exon that was not included in all isoforms of a gene. The expression level of the isoform(s) including an AE was computed and normalized by the total expression level of the gene. This relative expression level is similar to the percentage-spliced-in (w, Psi) value used in the quantification of AS [2] , and thus it is referred to as w of the AE, although the AE can be a result of ATSS, AS, or ATT. The software MISO v0.4.3 [25] was used to test the difference in the w value (Dw) of each AE in tumor versus normal tissues. Quantitative RT-PCR (qRT-PCR) tests of independent samples were used to validate the differential expression of transcript variants between tumors and controls for selected candidate genes. Detailed descriptions of materials and methods are provided in the Online Resource 1.
Results
Differential expression of alternative transcripts in breast cancer transcriptome revealed by RNASeq analyses RNA-Seq reads of breast tumor and matched normal tissues of 105 patients were analyzed using the computational pipeline illustrated in Fig. 1a , to determine differentially expressed AEs in tumors. As an example, mapped RNASeq reads of three genes (ISLR, SLK, and ADAMTS12) from a matched pair of tumor-normal samples are shown in Fig. 1b , c, and d, respectively. Comparing tumors versus controls, these genes had virtually identical total transcript levels. However, transcripts of these genes had differential usage of exons in between tumor and normal tissue. Apparently, the aberrant AE expression of these genes in the tumors was due to ATSS (Fig. 1b) , AS (Fig. 1c) , and ATT (Fig. 1d) , respectively. Of note, more than one of these three types of events (ATSS, AS, and ATT) could occur in a gene. In total, 21,429 AEs in 2839 genes were identified to be differentially expressed in breast tumors of at least 20 of the 105 patients (File S2). For a majority of the 2839 genes, 4 or fewer AEs were found with differential expression (Fig. S1 ). The 2839 genes amount to *10 % of the protein-coding genes in the genome. The total expression level of most (85 %) of the 2839 genes did not change or differed less than two-fold between tumor and normal tissue. Therefore, they were unlikely to be detected in microarray experiments.
qRT-PCR with independent samples to validate the RNA-Seq analysis platform for its capacity to identify differential transcript variant expression
To gauge the accuracy of the RNA-Seq analyses of alternative transcript expression, we selected four genes (ACTN1, CD46, SMARCC2, and LRRFIP1) based on the following criteria: being ranked within the top 20 genes in regard to the proportion of patients that had the altered expression of alternative transcripts in RNA-Seq analyses, being located on different chromosomes, and being understudied in cancer development. ACTN1 is a cytoskeletal protein [26] . CD46 is a regulator of innate immunity [27] .
SMARCC2 is a component of the chromatin remodeling complex SNF/SWI [28] , and LRRFIP1 is a negative regulator of transcription [29] . We conducted qRT-PCR to validate the expression levels of different isoforms of these four genes, using the matched tumor and normal tissues of six to seven breast cancer patients, a sample set that was different from the samples previously contributed to the published TCGA study wherein the RNA-Seq data were generated [20] . For all four genes, the change of the total expression levels in tumors versus controls was less than two-fold on average, based on RNA-Seq data (Fig. 2a , first panel for all genes). Also shown in Fig. 2a is at least one transcript variant of each gene that changed by more than two-fold in tumors versus controls. As shown in Fig. 2b , qRT-PCR with independent samples detected significant differences between tumor and normal samples for ACTN1 transcript variant 3, . The RNA-Seq datasets were generated using sample sets different from the samples used in RT-PCR. For each gene, the total expression level is plotted as relative units and indicated in the y axis as Rel. Unit. The remaining graph(s) for that gene presented the ratio of expression levels in tumor (T) versus normal (N) tissue (indicated in the y axis as T/N ratio), for either the total transcript level of that gene (Tot) or a particular transcript variant. The matching lines in the RNA-Seq data were omitted. *p \ 0.05, **p \ 0.01, ***p \ 0.005, ****p \ 0.001 (both Wilcoxon signed-rank test and Student's t test). Of note, although the total expression levels of all four genes from the RNA-Seq data differed less than two-fold on average, the difference was statistically significant because of the far larger sample size than in the RT-PCR validation part. Each data point represents one patient sample SMARCC2 transcript variants 1 and 2, CD46 transcript variant c, and LRRFIP1 transcript variant 2, revealing a differential pattern between tumor and normal samples similar to that identified in the RNA-Seq analyses (Fig. 2a) . No significant difference was detected by qRT-PCR for the total expression level of any of the four genes. We did not find significant difference in expression of LRRFIP1 transcript variant 5, which was likely due to the large individual variation that was also apparent in RNASeq analyses shown in Fig. 2a , and the small sample size in the qRT-PCR experiments. Therefore, the qRT-PCR experiments (Fig. 2b) validated the differential expression of alternative transcripts between breast tumor and healthy tissue controls for five out of six transcript variants from the four genes, which were originally identified by analyses of the RNA-Seq datasets (Fig. 2a ).
Molecular classification of breast cancer by dysregulated expression of alternative transcripts
We hypothesized that the 2839 genes might project a distinct molecular signature for potential classification of breast cancer. We performed clustering analyses, by applying the non-negative matrix factorization (NMF) method [30] to the Dw values of the most differentially expressed AE for each of the 2839 genes. As shown in Fig. 3a , there are three different patterns of aberrant expression of AEs: one group of AEs with up-regulated expression in almost all patients, one group of AEs with down-regulated expression in almost all patients, and the third group of AEs with up-regulated expression in about half of the patients and with down-regulated expression in the remaining patients. It is the third group of AEs that classify the patients into two distinct groups. We then employed the method of nearest shrunken centroids [31] to identify a minimum set of genes that could distinguish the two subgroups with the smallest misclassification error rate, which resulted in 25 genes (Fig. 3b) . In fact, the misclassification error rate remains identical across a wide region of the degree of shrinkage (Fig. S2) . Therefore, we also provide a 100-gene signature (File S3). There is no significant overlap (p value = 0.142) between our two clusters and PAM50-defined 5 intrinsic subtypes [20] .
The minimum set of 25 genes includes genes involved in cellular signaling response to cytokines, insulin and hormones, protein degradation, intracellular vesicular trafficking, ion transport, transcription regulation, and DNA methylation (Table 1) . We employed the Fisher's exact test to determine if there is any association between the available clinical information of the 105 patients and the two molecular subgroups of the cancer. We did not find significant association between the two subgroups and tumor stage, tumor size, lymph node stage, metastasis stage, or histopathological type. There was not any association between the two subgroups and the status of estrogen receptor (ER), progesterone receptor (PR), or HER2. However, there was significant association between the two subgroups and the tumor burden status-whether a patient was with tumor or tumor free (p value = 4.01 9 10 -3 ). Among the 15 patients annotated as ''with tumor,'' 12 (80 %) patients belonged to the second subgroup (Fig. 3a) . Significant association between the subgroups and vital status (p value = 1.76 9 10 -3 ) was also found. For the 36 patients whose vital status was deceased, 24 (2/3) of them belonged to the second subgroup. These associations, albeit with the limitation of preliminary post hoc analyses, suggest that classification by alternative transcript expression may aid prognosis of cancer recurrence likelihood or patients' long-term survival rate.
Cis-acting sequence motifs and trans-acting splicing factors associated with aberrant splicing variant expression in breast cancer transcriptome A majority of the 2839 genes had aberrant splicing in breast cancer. We hypothesize that splicing dysregulation contributes substantially to the tumor transcriptomes. Building on our previous studies of cis-and trans-regulation of alternative splicing in healthy genomes [32, 33] , we set out to search for the binding sites of the SFs that may regulate splicing in breast cancer. To this end, we first identified 1514 CEs associated with breast cancer. After merging continuous CEs into one segment named as a cassette exon region (CER), we obtained 1106 CERs.
We then performed clustering analyses by applying NMF to the Dw values of these CERs, which yielded three groups of exons (Fig. 4) : the first group had up-regulated expression in almost all patients, the second group had down-regulated expression in almost all patients, and the third group had up-regulated expression in about half of the patients but down-regulated expression in the remaining patients. For each group of exons, we searched for the hexamers that were significantly over-represented in the CERs and adjacent introns. Hexameric motifs have been commonly used to study cis-regulation of RNA splicing and are thought to be subjected to evolutionary selection [34] .
We compiled a list of 85 SFs that have been experimentally documented for their splicing regulatory function, with a list of binding sites for 37 of these 85 SFs (File S4). Figure 5 shows over-represented hexamers (p value B 0.05/4096, Bonferroni correction) that are known binding sites of SFs. File S4 also presents significantly over-represented hexamers that are not known to be the binding sites of any known SFs. For each SF, we calculated the Pearson correlation coefficient (PCC) between its mRNA expression level and the average w of CERs in each group ( Fig. 5; File S4) . The w values correlated significantly with the expression levels of all the SFs listed individually in Fig. 5 , strongly suggesting their roles in splicing regulation. Particularly, expression levels of SFs FOX2, MBNL1, QKI, and PTBP1 were found to have significant correlations with the w values of at least one of the three differentially spliced CE groups (Fig. 6,  Fig S3, Fig S4, Fig S5, and File S4). Of note, the identification of FOX2 in this study is consistent with a previous report of FOX2 involvement in ovarian and breast cancer [19] .
For a control experiment, we identified 633 CEs whose Dw is less than 0.05 as a control set, and calculated the PCC between the expression level of each of 81 SFs and the average w of these 633 CEs (File S4). None of the SFs presented in Fig. 5 significantly correlated with the average w of control CEs, except KHDRBS1 with a marginal significance (p value = 0.024).
Altered coordination of transcript variant expression in breast tumor transcriptome
For most genes, changes in an individual isoform may have only a subtle impact. We reasoned that altered expressions of transcript variants among multiple genes might be coordinated and thus may contribute substantially to tumorigenesis. To examine this possibility, we performed a differential network analysis to assess whether the tumor transcriptome harbored an altered coordinative pattern of transcript variant expression. Specifically, for each of 2839 genes, we identified the isoform(s) that had the most differentially expressed AE in cancer. We applied the sparse Gaussian graphical model (GGM) [35] to the expression levels of these isoforms to construct two networks that characterize gene-gene correlation at the transcript level in the cancer and normal transcriptomes, respectively. We then constructed a differential network that reveals the distinct correlation of transcript expression in tumor versus normal transcriptome (Fig. 7 , File S5, and File S6). The top 12 genes identified in the differential network analysis are considered as the ''hubs'' of the network (Fig. 7) , which had most changes in tumors versus controls, with regard to their correlation with other genes in transcript expression. Interestingly, those twelve genes are over-represented in a few categories: energy metabolism, RNA metabolisms and translation, and cell matrix. ERBB2 is the only proto-oncogene in the list. Aberrant expression of ERBB2 transcript variants has been shown to influence breast cancer development [7] . Of the two major isoforms of ERBB2 expressed in breast tissues, one, but not the other, was up-regulated in tumors in a subset of patients, although the total level was up-regulated in most patients (Fig. S6) .
Functional categories of genes with differential expression of isoforms
To obtain an overview of the potential impact by aberrant expression of transcript variants, we examined the GO terms and pathways that were significantly enriched in the 2839 genes. Specifically, we applied the GOrilla algorithm [36] to perform enrichment analyses using the 2839 genes and a set of 11,194 background genes that did not show differential expression of transcript variants. Significantly enriched GO terms are listed in File S7. The top twenty significantly enriched GO terms include apoptosis, cell cycle, and angiogenesis (Table 2) . We next employed DAVID [37] to search for enriched pathways. The enriched pathways include the p53 signaling pathway and the ErbB signaling pathway. However, among the most significantly enriched pathways were adherens junction, focal adhesion, and regulation of actin cytoskeleton (Table 3) . Therefore, altered expression of alternative transcripts from these genes might facilitate tumor cell invasion and metastasis.
Furthermore, we categorized the 2839 genes into 75 functional groups using the DAVID algorithm [37] (File S8). The first and largest group, which had 393 genes, was enriched with annotations related to cell membrane function. Interestingly, we observed that a number of known SFs, including 12 serine/arginine-rich (SR) splicing factors and 6 heterogeneous nuclear ribonucleoproteins (hnRNPs), had aberrant expression of transcript variants. They were cataloged in the Group 5 in File S8. There are 103 genes in the Group 5, of which 74 were annotated as RNA binding proteins and 53 were related to RNA splicing in gene ontology. Thirty-two of them overlapped with our manually compiled 85 SFs (File S4), which have been experimentally validated as splicing regulators. The altered expression of the isoforms of these SFs might impinge on splice variant expression for a large set of genes.
Discussion
Human breast tumors harbor extraordinary genomic diversities and exhibit altered expression of many genes [12, 20, [38] [39] [40] [41] [42] . In this study, we tackled a major component of transcriptome diversity, alternative transcripts of coding genes. By initiating a comprehensive characterization of dysregulated expression of gene isoforms in natural tumors, this study provides a number of novel insights into the systems biology and regulatory genomics of human cancer development.
We should note that this study used healthy tissue adjacent to the breast tumor from the same patient as a control. For profiling gene expression in a tumor, what would be the best control remains a concern. The distinct tissue heterogeneity in tumor versus normal tissue is well known. Some studies avoided normal tissue controls and examined RNA-Seq data of tumor tissues versus reference RNA-Seq data generated, for example, from a pool of human cell lines. That kind of approach could be complicated by the large variation of gene expression among human individuals. A number of studies used paired normal-tumor samples [16, [18] [19] [20] . Pairwise comparison of normal-tumor tissue samples from the same patient enables one to overcome the individual variation. However, tissue heterogeneity remains a limitation. There are different compositions of stromal cells in tumor versus normal tissue, even though tumor stromal cells are an integral part of the tumor, and the stromal and epithelial compartments could be derived from the same cancer stem cell. Such a limitation precludes a conclusion on the relevance of the findings to cell biology; for example, how tumor epithelial cells differ from normal epithelial cells. On the other hand, the findings from studying unfractionated tumor versus normal tissue are relevant to questions such as how the tumor, as a complex and integrated biological entity with all tissue types, differs from healthy tissue, in terms of systems genomics, systems biology, and potential biomarkers.
About 10 % of the protein-coding genes in the genome had differential expression of transcript variants between tumor and normal breast tissue. Analyses of the functional classification of these genes revealed their potential impact on carcinogenesis, although most of these genes are understudied for their potential role in cancer pathogenesis. For example, ACTN1 encodes a protein named alpha-actinin which is an actin-binding protein. Fig. S7 details how the differential expression of ACTN1 isoforms might alter the protein domain function for calcium binding.
Gene expression profiling has been employed for molecular classification of breast cancer and genomic tests for clinical outcome prediction [43, 44] . Although there are a number of prognostic signatures, only the 70-gene MammaPrint signature [43] was approved by the FDA. While the MammaPrint signature has confirmed prognostic potential in patients with HER2-positive breast cancers [45] , it has limited clinical utility in ER-negative breast cancers. Overall, the initial optimism on translating breast tumor gene expression signatures to transform breast cancer management has met tremendous challenges. Their difficulties might be due, at least in part, to their inherent design for total transcript levels and inability to detect differences in transcript variants. In this study, we found that AE expression could be used to classify breast cancer into two subgroups. A more integrative approach may advance the field with renewed optimism, although these new fronts are not without their own caveats and hurdles.
The dysregulated AS in cancer may implicate multiple cis-regulatory elements and trans-acting SFs [46] . Our study suggests that dysregulation of SFs likely plays a key role in breast cancer pathogenesis. The exact cause of the dysregulation of the SFs remains unknown, as do their individual and combinatorial impacts on breast cancer development. Nevertheless, the expression profiles of specific SFs, the over-representation of certain SF binding sites, and the distinct profiles of alternative transcripts could be potentially useful biomarkers in breast cancer management.
Overall, the findings from this study suggest several new fronts for both discovery and translational studies of breast cancer, as well as cancer in general, for example, cis-and trans-regulatory elements of gene expression in the cancer genome, dynamic gene expression networks in tumors, and novel genomic tests for cancer prognosis. Although an individual transcript variant may have only a modest effect, an altered transcriptome programming could reshape the development of tumors at a systems level by altering differentiation of multiple cellular types, as demonstrated by the role of MBNL-mediated alternative splicing in stem cell reprogramming [6] . This effect could occur even in the absence of further genetic mutations. As a result, the transcriptome plasticity may enhance intratumoral heterogeneity, which at a systems biology level could confer selective advantage to the tumor under various pressures during natural evolutions of its microenvironment or therapeutic interventions. On the other hand, transcriptome plasticity might present useful biomarkers in clinical management. It could also prove a more druggable target than genetic mutations, accessible through either a ''global'' strategy targeting AS, selective modulation of ''hub'' transcripts implicated in the differential network of gene isoform expression, or specific intervention into the biological processes impacted by aberrant transcript variants. Differential coordination pattern of transcript variant expression in cancerous versus normal breast tissues illustrating twelve ''hub'' genes identified by network analyses. The networks for transcript variant expression in cancer and normal tissues were constructed separately from the expression levels of the isoforms. A line between two genes, also named ''edge,'' represents coordinative relationship between two genes for the transcript variant expression. The differential network was then constructed by including edges appearing in either of the two networks, representing the distinct correlations present in either cancer or normal tissues. Labeled in the differential network is the top 12 genes with the largest number of edges. ACSL1 (Acyl-CoA Synthetase Long-chain Family Member 1) has a key role in lipid metabolism; CD36 participates in lipid metabolism, cell adhesion and apoptotic cell clearance; COX6C (Cytochrome C Oxidase Subunit Vlc) is a component of the last enzyme of the mitochondrial respiratory chain; CPB1 is a carboxypeptidase; CSDE1 (Cold Shock Domain Containing E1, RNA Binding) has a role in RNA metabolism; DCN (Decorin) encodes a cell matrix protein; ERBB2 (HER2, a proto-oncogene) encodes a member of EGFR family receptor tyrosine kinase. MYL6 (Myosin, light chain 6) encodes for a cellular motor protein; PABPC1 encodes poly(A) binding protein, cytoplasmic 1; RPL38 encodes ribosomal protein L38 of the 60S subunit: RPS24 encodes ribosomal protein S24 of the 40S subunit. SLC39A6 encodes a zinc transporter. Annotations were based on PubMed gene (http://www.ncbi.nlm.nih.gov/gene) search. See also Fig. S6 , File S5, and File S6
